Numerous energy balance (EB) algorithms have been developed to use remote sensing data for mapping evapotranspiration (ET) on a regional basis. Adopting any single or combination of these models for an operational ET remote sensing program requires a thorough evaluation. The Surface Energy Balance System (SEBS) was evaluated for its ability to estimate hourly ET rates of summer tall and short crops grown in the Texas High Plains by using 15 Landsat 5 Thematic Mapper scenes acquired during 2006 to 2009. Performance of SEBS was evaluated by comparing estimated hourly ET values with measured ET data from four large weighing lysimeters, each located at the center of a 4.3 ha field in the USDA-ARS Conservation and Production Research Laboratory in Bushland, TX. The performance of SEBS in estimating hourly ET was good for crops under both irrigated and dryland conditions. A locally derived, surface albedo-based soil heat flux (G) model further improved the G estimates. Root mean square error and mean bias error were 0.11 and −0.005 mm h −1 , respectively, and the Nash-Sutcliff model efficiency was 0.85 between the measured and calculated hourly ET. Considering the equal or better performance with a minimal amount of ancillary data as compared to with other EB algorithms, SEBS is a promising tool for use in an operational ET remote sensing program in the semiarid Texas High Plains. However, thorough sensitivity and error propagation analyses of input variables to quantify their impact on ET estimations for the major crops in the Texas High Plains under different agroclimatological conditions are needed before adopting the SEBS into operational ET remote sensing programs for irrigation scheduling or other purposes.
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Evapotranspiration is a key component of the water balance in the soilvegetation-atmosphere continuum (Yang et al., 2006) . Consequently, it is a critical element in the energy, hydrologic, carbon, and nutrient cycles. ET includes water evaporation from land and water surfaces and transpiration by vegetation. Therefore, it is a major consumptive use of irrigation water and precipitation on cropland, particularly in semiarid and arid regions. Components of the surface EB and ET can be measured using conventional techniques such as the Bowen ratio, eddy covariance (EC), and most accurately with properly operated and representative large lysimeter systems over homogenous surfaces. However, these systems are representative only at local scales and do not provide spatial trends (or distribution) at a regional scale due to heterogeneity of land surfaces and the dynamic nature of heat transfer processes over space (Su, 2002) , especially in regions with highly advective climatic conditions. Since ET requires a large amount of energy to change water from liquid to gas phase in the environment, accurate estimations of radiation and turbulent heat fluxes in land-atmosphere exchanges are important in research applications regarding water resources management, hydrologic processes, climate change, terrestrial ecology, and numerical weather forecasting on a regional scale (Su et al., 2005) . In the past, thermal remote sensing has been accepted as the most feasible means to provide spatially distributed regional ET on land surfaces (Park et al., 1968; Jackson, 1984; Allen et al., 2007a) . Remote sensing based EB models can be used to convert satellite sensed radiances into land surface based characteristics such as albedo, leaf area index (LAI), vegetation indices, surface emissivity, and surface temperature to estimate ET as a residual of the land surface EB equation as defined by:
Surface Energy Balance System (SEBS) is one of the widely used surface EB methods for deriving ET rates from remote sensing data. It does not require subjective selection of hot and cold pixels for deriving ET. However, the SEBS has never been evaluated for its ability to estimate ET using lysimetric measurements. In this study, we evaluated the SEBS for estimating ET using Landsat 5 satellite data for summer crops in the Southern High Plains. Performance statistics indicated that SEBS performance was equally good in estimating hourly ET on both dryland and irrigated fields.
where R N is the net radiation resulting from the energy budget of short and long wave radiation, LE is the latent heat flux from ET, G is the soil heat flux into the ground, and H is the sensible heat flux (all terms in units of W m −2 ) to the atmosphere. LE can be converted to ET (mm h −1 or mm d −1 ) by dividing it by the latent heat of vaporization (l v ; ~2.45 MJ kg −1 ), the density of water (r w ; ~1.0 Mg m −3 ), and an appropriate time constant (e.g., 3600 s h −1 for hourly ET).
Numerous remote sensing algorithms are available today for estimating magnitude and trends in regional ET. These models include the two-source model (Norman et al., 1995; Kustas and Norman, 1996) , where the EB of soil and vegetation are modeled separately and then combined to estimate total LE; the Surface Energy Balance Algorithm for Land (SEBAL) (Bastiaanssen et al., 1998a (Bastiaanssen et al., , 1998b ; and the Mapping Evapotranspiration with Internalized Calibration (METRIC) Allen et al., 2007a Allen et al., , 2007b . Both SEBAL and METRIC use "hot" and "cold" pixels to develop an empirical temperature difference equation for estimating H. In a related approach, the SEBS (Su, 2002) estimates H based on the contrast between wet and dry areas. Other models include the Simplified Surface Energy Balance Index (SEBI) (Menenti et al., 2001; Roerink et al., 2000) ; the aerodynamic temperature parameterization models proposed by Crago et al. (2004) ; the beta (b) approach (Chehbouni et al., 1996) ; and most recently the ET mapping algorithm (Loheide and Gorelick, 2005) and SSEB (Senay et al., 2007; Gowda et al., 2009a) methods. A detailed review of different ET algorithms is presented in Gowda et al. (2008) .
The Surface Energy Balance System has been evaluated in the United States and Europe and applied for mapping ET at the field (Su et al., 2005; Paul et al., 2011) , regional (Ma et al., 2011) , and global scales (McCabe et al., 2009; Vinukollu et al., 2011) . Su et al. (2005) evaluated SEBS with two independent, high quality datasets that were collected at the field scale during the Soil Moisture-Atmosphere Coupling Experiment in the humid Walnut Creek agricultural watershed near Ames, Iowa. Meteorological and EC measurements from 10 locations within the watershed were used to estimate and compare fluxes during a period of rapid vegetation growth and varied hydrometeorology. Results indicated that ET estimates from the SEBS were close to 85 to 90% of the measured ET values from the EC systems for both corn and soybean surfaces.
In the same study, regional fluxes were calculated using Landsat Enhanced Thematic Mapper Plus (ETM+) data of a clear day during the field experiment. Results at the regional scale showed that ET prediction accuracies were strongly related to crop type with improved ET estimates for corn surfaces compared with those of soybean. Differences between the observed and predicted ET values were approximately 5%. Furthermore, McCabe and Wood (2006) Ma et al. (2011) using ASTER data for comparisons, with EC data in the Heigh River Basin of northwest China. In the same study, sensitivity analyses of the SEBS-derived H fluxes to errors in input data indicated that a 0.5°K difference in land surface temperature can deviate the estimated H fluxes by up to 70% followed by surface aerodynamic parameters with errors up to 50%. They also reported that the accuracy of H fluxes with empirically derived surface aerodynamic properties was similar to those using field measurements. Timmermans et al. (2011) reported that there can be significant uncertainties in SEBS-derived turbulent flux estimations on tall crop surfaces (corn in this case) as the original parameterization for roughness height affecting heat is valid only for short vegetation. This is contradictory to the results reported in Su et al. (2005) where they reported better prediction of energy fluxes over corn surfaces than over soybean. This contradiction may be due to the fact that Timmermans et al. (2011) used the Soil Canopy Observation, Photochemistry and Energy fluxes model for evaluating the SEBS instead of measured flux data. Recently, Gao et al. (2011) coupled SEBS with a topography algorithm to estimate actual daily ET over heterogeneous terrain from MODIS data in northern China and reported significant improvements in the prediction of the H fluxes. Overall, SEBS is a more robust EB algorithm as it does not require selection of hot and cold pixels as in the case of SEBAL and METRIC. However, SEBS has been evaluated only with EC and/or large aperture scintillometers, mostly in humid regions, that can have average EB closure errors of up to 30% (Oncley et al., 2000; Chavez et al., 2009a; Gowda et al., 2010a Gowda et al., , 2010b . In some cases, flux footprints of EC systems were smaller than with Landsat and/or MODIS pixels (e.g., Su et al., 2005; McCabe and Wood, 2006) . Furthermore, the SEBS has never been evaluated using lysimetric measurements. Therefore, the main objective of this study was to evaluate the SEBS algorithm for its ability to estimate hourly ET in the Southern High Plains region using lysimetric data. The Southern High Plains is located in the South Central United States and is one of the most extensively irrigated semiarid regions in the world where crop water demand far exceeds rainfall.
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The Surface Energy Balance System (Su, 2002) is a single source model that was developed by extending the SEBI concept. It consists of a set of tools for determining physical parameters (broadband albedo, surface emissivity, surface temperature, vegetation fraction, etc.) from remote sensing data, an extended dynamic model for roughness length regarding heat transfer, and a formulation for determining the evaporative fraction based on EB for the limiting (wet and dry) cases. The system requires meteorological data such as air temperature, humidity, and wind speed measured at a reference height.
In SEBS, ET is computed as the residual term from the land surface EB as shown in Eq.
[1]. The R N is calculated as a result of the energy budget between the short and long wave radiation terms:
where R S is incoming shortwave radiation (W m −2 ), a is a surface albedo (dimensionless), and R L is incoming long wave radiation (W m −2 ) or downward thermal radiation flux originating from the atmosphere, e is the surface emissivity (dimensionless) based on the soil and vegetative broadband thermal spectral emissivities (a function of LAI or normalized difference vegetation index [NDVI]), s is the Stefan-Boltzmann constant (5.67 ´ 10 −8 W m −2 K −4 ), and T s is the surface temperature (°K). Soil heat flux (G) in SEBS (Su, 2002) is calculated as:
where G c and G s are the G/R N ratio for full vegetation canopy and bare soil conditions, respectively, and f c is the fraction of vegetation cover (dimensionless). The f c term is used to interpolate the G/R N ratio between the full vegetation cover and bare soil conditions. It is assumed that G c = 0.05 (Monteith, 1973) and G s = 0.315 (Kustas and Daughtry, 1990) .
The Surface Energy Balance System uses a dynamic model for thermal roughness (Su et al., 2001) , bulk atmospheric similarity (BAS) (Brutsaert, 1999) theory for planetary boundary layer (PBL) scaling (Wyngaard, 1990) , and the Monin-Obukhov similarity (MOS) theory (Monin and Obukhov, 1954) for atmospheric surface layer (ASL) scaling. This allows application of SEBS for both local and regional scales under all stable atmospheric regimes. For unstable conditions, a criterion proposed by Brutsaert (1999) is used to determine appropriate scaling (BAS or MOS) for a given situation. For stable conditions, functions given by Brutsaert (1982) and Beljaars and Holtslag (1991) are used for PBL and ASL scaling, respectively. In the ASL, the similarity relationships for mean wind speed (u) and temperature (Dt = q 0 − q a ) profiles are derived using MOS theory as:
where u * is the friction velocity calculated as (t 0 /r a ) 1/2 , t 0 is the surface shear stress (kg m s −2 ), r is the air density (kg m −3 ), k is the von Karman's constant (~0.41), z is the height above the surface (m), d 0 is the zero plane displacement height (m), z 0m is the roughness height for momentum transfer (m), q 0 is the potential air temperature at surface (K), q a is the potential air temperature at z (K), C p is the specific heat capacity of air (~1013 J kg −1 °C −1 ), z 0h is the scalar roughness height for heat transfer (m), Y m and Y h are the stability correction functions for momentum and sensible heat transfer, respectively, and L is the Monin-Obukhov length (m) defined as:
where g is the acceleration due to gravity (9.8 m s −2 ) and q v is the potential virtual temperature near the surface (K).
Roughness height for heat transfer (z 0h ) is an important parameter in the estimation of heat transfer between the land surface and the surrounding atmosphere. It is a function of surface characteristics, thermal state of the surface, and atmospheric flow. It can be derived as:
where kB −1 is a dimensionless heat transfer coefficient called the inverse Stanton number. In SEBS, an extended model of Su et al. (2001) that consists of three terms used to estimate the kB −1 as follows:
The first term in Eq.
[8] physically and geometrically follows the Choudhury and Monteith (1988) model for full canopy, the second term accounts for the interaction between the vegetation and soil surface, and the third term is for the bare soil surface value given by Brutsaert (1982) . In this equation, C d is the drag coefficient of the foliage with a value of 0.2; C t and C t * are the heat transfer coefficients of the leaf and soil, respectively; n ec is www.VadoseZoneJournal.org p. 4 of 11 the within-canopy wind speed profile extinction coefficient, f s is the soil fraction coverage, and u(h) is the horizontal wind speed at the canopy top (m s −1 ). The C t varies between 0.005N and 0.075N where N is the number of sides of a leaf that participates in the heat exchange and C t * is calculated as:
where Pr is the Prandtl number, Re * is the roughness Reynolds number, h s is the roughness height of soil (m), and ν is the kinematic viscosity of the air (m 2 s −1 ). The n ec and the Brutsaert term for bare soil surface (kB s −1 ) are calculated as:
( ) ( ) 
where e is the actual vapor pressure (kPa), e sat is the saturation vapor pressure (kPa), g is the psychrometric constant (kPa °C −1 ), D is the rate of change of saturation vapor pressure with temperature (kPa °C −1 ), and r ew is the bulk surface external or aerodynamic resistance (s m −1 ) at the wet limit estimated under the assumption that the bulk internal resistance is zero as:
The Monin-Obukhov length for the wet limit (L w ) can be determined as:
Finally, the relative evaporative fraction (L r ), the evaporative fraction (L), and LE for each pixel in the remote sensing image is calculated as:
The evaporative fraction
is used to estimate LE, which is assumed to remain constant throughout the day and can be obtained for short periods and used for extrapolation of instantaneous LE and ET to daily values. Brutsaert and Sugita (1992) presented the assumption that the partitioning of available energy into H and LE is constant (self-preservation of the available energy partitioning) or that the evaporative fraction remains almost constant during the daytime period. Zhang and Lemeur (1995) added that an evaporative fraction reflects how much of the available energy is used for ET and assumed that the instantaneous L is representative of the daily energy partitioning, which is an acceptable approximation for clear-sky conditions. Crago (1996) also concluded that the L has the tendency to be nearly constant during daytime periods, thus allowing the estimation of daytime evaporation from one or two estimates of the evaporative fraction during the middle of the day at the time of satellite overpass.
Materials and Methods
This study was conducted at the USDA-ARS Conservation and Production Research Laboratory (CPRL) located in Bushland, TX (Fig.  1) . The geographic coordinates of the CPRL are 35°11¢ N, 102°06¢ W, with an elevation of 1170 m above mean sea level. The soil in the region is a slowly permeable Pullman clay loam. The major crops produced within the study area are corn, sorghum, hard red winter wheat, and cotton. The SEBS algorithm (Su, 2002) was implemented using the ArcGIS environment. For this study, 15 cloud-free Landsat 5 Thematic Mapper (TM) scenes (resampled to a 30 m resolution, path 31, row 36, 17:15 to 17:30 GMT), acquired during the 2006 to 2009 summer growing seasons with various short and tall crops (Table 1) , were used to derive the energy and hourly ET fluxes at the land surface.
Radiometric calibration of all Landsat 5 TM images used in the study was done using the procedures provided by Chander and Markham (2003) . This includes conversion of digital numbers (DN) stored in the satellite image into radiance (L b ), for each band as L b = (gain ´ DN) + bias) followed by calculation of at-sensor www.VadoseZoneJournal.org p. 5 of 11 reflectance (r b ) values by dividing the detected radiance at the sensor for each band by the incoming energy within the same shortwave band. The incoming radiance is a function of the mean solar exoatmospheric irradiance, the solar incidence angle, and the inverse square of the relative earth-to-sun distance. The planetary albedo (a p ) was calculated (Liang et al., 2002) where r b1 , r b3 , r b4 , r b5 , and r b7 are the at-sensor reflectance for TM bands 1, 3, 4, 5, and 7, respectively. The surface albedo (a o ) was calculated using the equation: where a p min is the planetary albedo of the darkest pixel within the image acquired (e.g., deep water body) and t is the broadband atmospheric transmissivity derived as the ratio of incoming shortwave radiation (R s¯) and extraterrestrial solar irradiance (R¯e xo ). In this study, R s¯ was measured with a pyranometer (model CMP 6, Kipp and Zonen) installed at the USDA-ARS-CPRL weather station (Marek et al., 2009 ). For thermal infrared band images, the spectral radiance value in each pixel was converted into the at-sensor temperatures using prelaunch calibration constants by means of an inverted logarithmic formula. Surface temperature (T s ) was calculated using surface thermal emissivity and corrected for atmospheric effects using the narrowband transmissivity derived with the atmospheric radiative transfer model MODTRAN4 v3 (Berk et al., 2003) . Resulting T s values were compared with the groundbased calibrated infrared thermometer (IRT) measurements.
An LAI model developed for the Texas High Plains by Gowda et al. (2007a) was used for this study as follows:
( ) where NDVI is derived as (r b4 − r b3 )/( r b4 + r b3 ). The vegetation fraction ( f c ) was calculated using the following equation (Baret et al., 1995) :
where NDVI min and NDVI max are minimum and maximum NDVI values found in the given image, and the value of K is 0.46 (Jia et al., 2003) . The surface roughness for momentum transport (z 0m ) was calculated using the equation by Moran (1990) and presented in Bastiaanssen et al. (1998a) :
where C 1 and C 2 are derived locally using measured crop height within the lysimeter fields. Soil heat flux (G) is modeled using two different parameterizations: (i) a parameterization (see Eq.
[3]) provided by Su (2002) and (ii) as a function of R N , NDVI, T s , and a o using the parameterization given by Bastiaanssen et al. (1998a) as follows:
where C is regression coefficient that varies with soil properties and moisture. It can be derived locally using measured G, R N , and a o following the procedure in Bastiaanssen et al. (1998a) as:
In this study, a o was derived from high resolution (0.5-1.0 m) remote sensing data acquired over the CPRL during the Bushland Evapotranspiration and Agricultural Remote Sensing Experiment 2007 (Gowda et al., 2007b . The G and R N values were used in determining values of a and b from measurements within the four lysimeter fields at the CPRL. Predicted G values from both methods were evaluated to select the best method for the SEBS evaluation in this study.
The SEBS-estimated ET values were verified by comparison with hourly ET values measured by soil water mass changes in the four large monolithic precision weighing lysimeters located at the CPRL. Each lysimeter (3 m length by 3 m width by 2.4 m depth) is located in the middle of a 4.3 ha field and all four lysimeters are arranged in a block pattern [ Fig. 1 ; Howell et al. (1995) ]. Each lysimeter field covers more than three thermal and 52 visible and near infrared pixels in a Landsat 5 TM image. Dryland cropping systems are managed on two lysimeter fields (SW and NW) to the west and irrigated cropping systems are managed on two lysimeter fields to the east (SE and NE) with a 10-span lateral move sprinkler system. Each of the four lysimeter fields were equipped with one net radiometer (Q*7.1, Radiation and Energy Balance Systems) and one IRT (2G-T-80F/27C, Exergen) for measuring R N and T s , respectively.
In 2006 and 2007, the SW and NW lysimeter fields were planted to dryland grain sorghum in clumps (SW) and rows (NW) as part of another research study. The irrigated SE and NE lysimeter fields were planted to forage corn and sorghum, respectively. In 2008, all four lysimeter fields were planted to cotton. In 2009, irrigated lysimeter fields were planted to sunflower and the dryland fields were clean fallow (bare). Weather data used in this study were taken from a grass reference ET weather station field (0.31 ha), which is a part of the Texas High Plains ET Network (Marek et al., 2009 ) located to the eastern side of the irrigated (NE and SE) lysimeter fields.
Finally, the SEBS was evaluated by comparing predicted T s , R N , G, and hourly ET with observed data. A 4 by 4 grid (16, 30 m pixels) was selected at the center of each lysimeter field to extract averaged values of T s , R N , G, and hourly ET from each of the lysimeter fields. Coefficient determination (R 2 ) and the slope and intercept of the regression line, root mean square error (RMSE), mean bias error (MBE), and Nash-Sutcliffe efficiency (NSE) were used in the results comparison of predicted against measured data. The R 2 describes the proportion of variability in the observed data explained by the model and it ranges from 0 to 1 with a higher value indicating a better fit (model explanation). An R 2 of 1 together with an intercept of 0 and slope of 1 indicates a perfect "fit" between the observed and modeled data. An RMSE of 0 also indicates a perfect fit, and it is usually presented as a percent of observed mean. An RMSE less than 50% of the observed mean is usually considered low (Moriasi et al., 2007) . A MBE allows comparison of the actual deviation between the estimated and measured data where MBE = 0 indicates a "no bias" condition of the model. The NSE is a measure of the relative magnitude of the residual variance compared to a 1:1 relationship between the measured and observed data. Its value ranges between −¥ and 1, with 1 indicating a perfect fit. NSE values between 0 and 1 are generally considered as an acceptable level of model performance.
More information on these performance statistics can be found in Moriasi et al. (2007) .
Results and Discussion
The SEBS (Su, 2002) was implemented within an ArcInfo environment (ESRI 2 ) to derive T s , R N , G, H, and hourly ET maps for the Texas High Plains. A computer program was written in Arc Marco Language to automate the implementation process. SEBS was found to be robust as the entire program was executed in one step. The SEBS was evaluated with lysimeter data for both tall (forage corn and forage sorghum) and short crops (cotton, grain sorghum, and sunflower) including bare soil surface conditions from dryland lysimeter fields in 2009 (Table 1) . The values of C 1 and C 2 in Eq.
[23] to calculate z 0m were found to be −5.5 and 5.8, respectively. Figure 2 illustrates the relationship between the surface albedo and C, the regression coefficient in Eq.
[24]. This relationship yielded a regression model with an R 2 of 0.38 that can be used to estimate C value for a given surface albedo in each pixel of the image as: Table 2 presents statistical performances of the modeled T s , R N , G, and ET fluxes against measured data. Figure 3 illustrates the comparison of estimated T s on the four large weighing lysimeters against measured data. As expected, observed T s values on dryland lysimeter fields were slightly higher than that observed in irrigated lysimeter fields. Comparison of the SEBS-estimated T s against measured data indicated equally good performance on both irrigated and dryland lysimeter fields. The observed mean T s value (31.4°C) was closely matched with the predicted mean value (32.0°C). The regression model accounted for 91% of the variability in the observed data with a slope and intercept of 0.93 and 2.9°C, respectively. The RMSE was ~6.11% (1.9°C) of the mean observed T s with an MBE of −0.7°C (−2.14%). These prediction errors are similar to those reported in the literature (Chavez et al., 2009b; Anderson et al., 2004a) . The NSE value of 0.90 indicated a better 1:1 performance by the SEBS in estimating T s . Su (2002) ; G B , soil heat flux (W m −2 ) calculated using Bastiaanssen et al. (1998a) ; ET, evapotranspiration rate (mm h −1 ). www.VadoseZoneJournal.org p. 8 of 11 Figure 4 illustrates the comparison of modeled R N fluxes on the four large lysimeters against measured data. The modeled mean R N (596.9 W m −2 ) closely matched with the observed mean value of 588.5 W m −2 . Although the scales of magnitude of both modeled and observed R N fluxes were similar, a poor 1:1 relationship was found with a NSE of 0.11. Statistical comparison of measured and estimated R N fluxes indicated that the regression model accounted for only 29% of the variability in the measured data and the slope and intercept of the regression line were 0.49 and 311.0 W m −2 , respectively. However, the MBE and RMSE were relatively small as they were only −1.43% and 6.11% of the observed mean R N flux, respectively. Comparison of the predicted R N against measured data for irrigated and dryland lysimeter fields separately indicated that MBE was slightly higher for irrigated fields (−4.04%) than that for dryland fields (0.56%). This bias is relatively small and could come from estimation errors in surface albedo and air emissivity. In addition, prediction errors for both fields were well within the error range reported in the literature (Key et al., 1997; Chavez et al., 2009c) . Figure 5 illustrates the comparison of estimated G values using two different empirical approaches: (1) SEBS approach (Eq. [3]; Su, 2002) and (2) SEBAL approach (Eq. [24]) (Bastiaanssen et al., 1998a) with measured data on four large weighing lysimeters. The SEBS approach substantially overestimated the measured G (Fig.  5) . The mean estimated G (126.2 W m −2 ) was 237% higher than the measured data (37.4 W m −2 ). Not surprisingly, MBE (−88.8 W m −2 ) was also substantially larger than the measured mean G, and the RMSE was 79.6% of the mean of the measured G fluxes. The R 2 between measured and estimated G values was small (0.22) with a slope and intercept of 0.67 and 101.2 W m −2 , respectively. The NSE was −16.29, which indicated a poor performance by the model in estimating G. Similar results have been reported with models that use NDVI and R N for estimating G (Singh et al., 2008) . Bastiaanssen et al. (1998a) approach yielded relatively better G estimates than the Su (2002) approach with an R 2 value of 0.39. The slope and intercept of the regression line were 0.37 and 25.2 W m −2 , respectively. With this approach, the MBE and RMSE were significantly reduced from −88.8 to −2.7 W m −2 and 29.8 to 17.8 W m −2 , respectively. Improvements in the G estimates may be partly due to use of a locally derived surface albedo-based C (see Eq.
[24] and [25] ). However, further calibration of the G model is needed to improve the G estimates. Nevertheless, other causes that can explain the poor performance of G estimates include high spatial variability of G and inaccuracies in the soil heat flux plate measurements.
Comparison of the SEBS-estimated hourly ET against observed data indicated that performance of the SEBS was excellent (see Fig. 6 ). The estimated hourly mean ET for all 16 images (0.51 mm h −1 ) closely matched the observed mean of ET (0.54 mm h −1 ). The regression model explained 86% of the variability in the observed data with a slope approaching one (0.90) and an intercept close to zero (0.03 mm h −1 ). The RMSE (0.11 mm h −1 ) was 20.8% of the observed mean hourly ET, and the MBE was less than 1%. The NSE of 0.85 showed a strong 1:1 agreement between the estimated and observed hourly ET values with two exceptions where SEBS grossly over predicted ET with the 26 September 2006 image and grossly underpredicted ET with the 28 May 2009 image. In both cases, estimation errors were associated with irrigated (SE and NE) lysimeter fields where wet conditions existed during the Landsat 5 overpass. However, errors in predicted T s values were within 1°C, and errors in predicted G were less than 4 W m −2 . Unfortunately, we did not have the measured R N values for these two dates for additional evaluation.
On 26 September 2006, both fields had tall forage crop stands (2.36 m tall forage corn on NE field and 2.91 m tall forage sorghum on SE field) with tassels on the surface on 25 September 2006 and received 25 mm of irrigation water on 21 September 2006. Further, vegetation fraction cover ( f c ) in both fields was close to 100% with LAI values greater than 6 m 2 m −2 . However, NDVI-based LAI (Eq. [21] ), f c (Eq. [22] ), and crop height models used in this study substantially underestimated the measured values. For example, the estimated LAI and f c for the NE lysimeter field were 3.28 m 2 m −2 and 66%, respectively. Similar estimated values were found with SE lysimeter field with LAI and f c of 2.42 and 58%, respectively. Errors in the prediction of LAI, f c , z 0m , and crop height can be attributed to NDVI saturation at moderately high LAI values (~2.5−3 m 2 m −2 ) (Anderson et al., 2004b) and/or the presence of tassels on the forage corn (NE) and panicles on the forage sorghum (SE) fields that increased the reflectance in the visible wavelength bands (Gitelson et al., 2003; Vogelmann and DeFelice, 2003) . Therefore, it is hypothesized that the overprediction of SEBS-derived hourly ET values from the 25 September 2006 image was caused by errors in the estimated NDVI that may have then propagated into H estimations.
In the case of the 28 May 2009 image, 30 mm of irrigation water were applied to bare soil in both NE and SE lysimeter fields on 27 May 2009 to prepare the land for planting of sunflower, and there was no vegetation. However, the f c model (Eq. [22] ) estimated 10% f c for both fields. This may have caused the underprediction of hourly ET in the SEBS model. This clearly indicates that errors in the estimation of one of the three plant parameters (NDVI, LAI, and f c ) can easily propagate into the estimation by all three components (R N , G, and H) of the EB equation (Eq. [1] ) and consequently cause errors in the ET estimation. Overall, accuracy levels using the SEBS for estimating hourly ET rates in the Texas High Plains were comparable or better than values reported in the literature (Gowda et al., 2008) .
Conclusions
The SEBS is a single-source model requiring a minimal amount of ancillary data for estimating surface energy fluxes and instantaneous ET rates. For the first time, it was evaluated using lysimetric data for its ability to derive surface energy fluxes and hourly ET from Landsat 5 TM data in the semiarid Texas High Plains. For this purpose, SEBS was applied on 15 Landsat 5 TM images acquired during 2006 to 2009 summer growing seasons covering both tall (forage corn, forage sorghum, and sunflower) Fig. 5 . Comparison of instantaneous soil heat flux (G) estimates using two different empirical approaches (1) SEBS approach (Su, 2002) and (2) SEBAL approach (Bastiaanssen et al., 1998a) against observed data from four large weighing lysimeters in the USDA-ARS Conservation and Production Research Laboratory, Bushland, TX. and short (cotton and grain sorghum) crops on lysimeter fields managed under irrigated and dryland conditions in addition to bare soil. Performance of the SEBS in estimating hourly ET was equally good for crops under both irrigated and dryland management conditions. A locally derived, surface albedo-based G model (Bastiaanssen et al., 1998a) improved the G estimates. Use of a better vegetation index to accurately estimate LAI, f c , z 0m , and crop height or locally derived spectral models may further improve the performance of SEBS. Considering the minimal amount of ancillary data required for applying SEBS, and good performance in predicting hourly ET on both dryland and irrigated fields, it is a promising tool for an operational ET remote sensing program in the semiarid Texas High Plains. However, thorough sensitivity and error propagation analyses of input variables to quantify their impact on ET estimation for the major crops in the Texas High Plains under different agroclimatological conditions are needed before adoption of the SEBS in an operational ET remote sensing program, particularly for irrigation scheduling purposes.
